the relationship in different industries (Yelle 1979 ). Reviews can be found in Yelle (1979) and Dutton and Thomas (1984) .
Promising starts have been made in developing a theory of organizational learning (Muth 1986 ), but the research has not progressed to the point of explaining the variation of learning rates observed across organizations. Further, despite much speculation about what accounts for the phenomenon of organizational learning curves, little empirical evidence about these factors has emerged (Lieberman 1984 Yelle (1979) organized these potential explanations for organizational learning into two general categories, labor learning and organizational learning, including technological learning. The distinction between individual and organizational learning is a useful heuristic. At one extreme, if productivity is invariant to worker experience, learning is embodied entirely in the organization. At the other, if the organization is unchanging and learning increases, learning is embodied entirely in workers. Intermediate cases, however, are possible. If improvements in organization provide the potential for higher productivity, but experienced workers are required to exploit the potential, then knowledge is embodied in both individuals and the organization. To the categories of individual and organizational learning, we would add a third category: learning from the experience of others since organizations may benefit from knowledge acquired by others (Levy 1965 
; Dutton and Thomas 1984; Levitt and March 1988).
Alternative explanations for organizational learning yield differing implications as to where knowledge acquired by learning by doing resides and for the extent to which knowledge transfers within and across firms. For example, suppose learning is embodied in improvements in technology (plant layout, equipment, computer software and other physical aspects of the production process). Since both shifts at a plant use the same technology, knowledge embodied in physical facilities and equipment should be fully transferred both from the period of one-shift-a-day operation to the period of two-shift-a-day operation and from one shift to another during the operation of two shifts.
As a second example, if industrial learning is embodied primarily in individual production workers, then transfer across shifts may be limited. Carry forward from the period of one-shift-a-day operation to the period of two-shift-a-day operation will depend on the training that new workers receive, their previous experience, and on the relative proportions of experienced workers assigned to the new crews formed when the second shift is introduced. These examples illustrate ways in which empirical regularities regarding the accumulation and transfer of knowledge can potentially illuminate the learning process.
Transfer of learning has been examined by psychologists for many years. Psychologists typically examine how performing one task affects the performance of another task by the same individual. More recently, researchers have begun to examine the transfer of knowledge across different organizations (Argote, Beckman and Epple 1990; Joskow and Rose 1985; Zimmerman 1982). These resear-chers examine whether productivity gains associated with experience can be transferred across firms. Zimmerman (1982) found evidence of transfer of learning in the construction of nuclear power plants: industry experience was a significant predictor of the unit cost of construction. Firm experience, however, was more significant than industry experience in the study. Joskow and Rose (1985) found that architect-engineer experience and utility experience were significant predictors of the costs of constructing coalburning generating units while industry experience was not significant. Argote, Beckman and Epple (1990) found that organizations beginning operation at a later date were more productive than those with early start dates. Once organizations began production, however, they did not appear to benefit from knowledge acquired through production at other organizations.
Day and Montgomery (1983) emphasized the importance of estimating the amount of transfer from shared experience. They indicated that sharing of experience is usually assessed by applying expert judgement to each cost element. They suggested that the paucity of published research on the topic of shared experience is due to the formidable amount of work entailed in such an element-by-element assessment. Our approach for studying shared experience does not require such disaggregated analysis.
Researchers have also examined transfer across time within organizations. Baloff (1970) and Hirsch (1952) presented suggestive empirical evidence that forgetting occurred when the production process was interrupted in organizations. Argote, Beckman and Epple (1990) found evidence of depreciation of knowledge in shipbuilding after controlling for factor inputs. Recent output was a more important predictor of current production than cumulative output.
In addition to furthering understanding of the learning process, methods for studying the transfer of learning can provide important information for managerial decision making regarding the tradeoff between number of plants to operate and number of shifts per plant. Information about the extent to which knowledge carries forward from a period of operating with one shift to a period of operating with multiple shifts and the extent of transfer across shifts when multiple shifts are operating can be useful in deciding when to make the transition from one-shift-a-day to multiple-shift-a-day operation.
Thus, a goal of this paper is to demonstrate how a conventional learning curve can be generalized to investigate factors responsible for organizational learning. We focus on the transfer of knowledge across shifts at a plant. Three aspects of transfer are investigated: (1) carry forward of knowledge when the plant makes the transition from one-shift-a-day operation to two shifts per day, (2) transfer across shifts after two-shift-a-day operation is underway, and (3) transfer across time or the persistence of knowledge.
The Conventional Industrial Learning Curve
To illustrate our approach and its relationship to the conventional learning curve, we present and estimate a sequence of increasingly general models, beginning with the conventional learning curve model. The learning curve is commonly written in the form:
where, at each date, q denotes output, / denotes hours worked, Q is cumulative output, and C and y are constants.' The larger the coefficient y, the more rapidly productivity increases due to learning.
1In industrial applications, the learning curve is often written
The rate of learning is often expressed in terms of the progress ratio which is related to y in equation (1) 
In our analysis, the unit of time is a week. Thus, qt and lt are respectively output and hours worked during week t. The term Et in equation (4) represents random factors affecting the production process. The time subscript on Qt-1 indicates that cumulative output at the end of the previous week appears on the right-hand side of equation (4). Cumulative output is a proxy for knowledge acquired through past production. Thus, in the learning curve for a given week, it is natural to include cumulative output through the end of the previous week. Further, cumulative output through the end of week t is equal to cumulative output at the end of the previous week, plus production in week t: Qt = Qt-1 + qt. Thus, if Qt rather than Qt-1 were included on the right-hand side of equation (4), current output qt would appear not only on the left side of (4) but indirectly on the right-hand side as well. This would render least-squares estimation inappropriate and considerably complicate the estimation problem. Thus, on both logical and statistical grounds, inclusion of Qt-1 rather than Qt on the right-hand side of (4) is the preferred specification.
Taking logarithms of equation (4) We estimated equation (5) allowing for first-order autocorrelation of the residuals. Parameter -q in Table 1 is the first-order autocorrelation coefficient, and it is highly significant.4 2In choosing the sample for estimation, we deleted five observations that were not representative of normal operating conditions. One of these observations was deleted because there was a materials shortage from an external supplier that week and only one day was worked. The remaining four observations are for the period of transition from one-shift-a-day to two-shift-a-day operation. During part of the transition, the crews for the two shifts worked partially overlapping hours. Thus, production during this period was not typical of either one-shift-a-day operation or two-shift-a-day operation. Modeling the transition process may be of interest in its own right, but is beyond the scope of this paper.
3The estimate of the constant term is not of particular interest for purposes of this paper. To help preserve confidentially of our data, we do not report the constant terms from our regressions. 4Maddala (1988, ?6.4) discusses estimation of regression models with first-order autocorrelation of the residuals. Higher-order correlation of the errors may also be present. To simplify exposition, we present several extensions of the basic model. We then report results of testing for higher-order autocorrelation after these extensions are developed. 
Returns to Increasing Labor Hours
The conventional learning curve specification implies that, for a given level of cumulative output, output per week increases proportionately with hours worked per week. Diminishing returns to labor may eventually be reached if larger and larger numbers of labor hours were added per week in a fixed physical facility. To allow for this possibility, we write the production function in the following more general form:5 Lnqt = a + aLnlt + yLnQt-1 +Et.
A value of a < 1 implies diminishing returns to labor, a = 1 implies constant returns to labor, and a > 1 implies increasing returns. Equation (5) is the special case of equation (6) in which a = 1. Column (2) of Table 1 is the result obtained from estimating equation (6), again allowing for first-order autocorrelation.6 The estimate of the coefficient of labor 5The equations that we estimate may be thought of as increasingly general forms for the production function. The quantity of physical capital (e.g., plant and equipment) changed little over the time period of production that we study. The effects of this fixed capital stock are impounded in the constant term in the equations we estimate. This does not rule out the possibility that learning by doing occurred via modifications in the existing capital stock. To the extent that such changes are the source of learning they may be captured by the knowledge variable in our equations.
6The potential for simultaneous equation bias here is minimal because labor contracts give managers little discretion to change labor hours within a given week. hours is very close to one, suggesting that diminishing returns to labor does not occur in these data.
Diminishing returns to labor could be more pronounced with an increase in hours per shift than with an increase in shifts per week. This possibility is permitted by Ln q, = a + a Ln h, + /3 Ln n, + y Ln Q,_1 + Et.
Here, ht is hours per shift and nt is shifts per week. By definition, It = htnt. Thus when a = /3, equation (7) reduces to equation (6). Column (3) of Table 1 is the result obtained from estimating equation (7), allowing for first-order autocorrelation. A likelihood ratio test contrasting the result in column (3) to that in column (2) reveals that a and /8 are not significantly different from each other (i.e., there is no evidence to reject the null hypothesis that a = /3). Thus, there is no evidence that the returns to increasing labor hours per shift are different from increasing shifts per week. These generalizations of the model do not alter the conclusion that significant learning occurs; productivity increases significantly with cumulative output. With a series for Kt, the remaining parameters can be estimated using standard methods for estimating models with autocorrelated errors (Maddala 1988 Results from estimating this model are presented in column (5) of Table 1 . These results suggest that the rate of acquisition of knowledge does indeed decline as the stock of knowledge increases, since 8 is significantly less than zero. Moreover, with this specification, the estimated depreciation parameter is now 1.0, implying that little depreciation occurs. The value of y changes markedly between columns (4) and (5) of Table 1 . When the quadratic in LnK_1 is introduced, learning is captured by the term y LnKt_1 + 8(LnKt1 )2. With this more general specification learning effects must take account of the values of both y and 8. Hence, a change in y is expected if 8 is significantly different.from zero-as it is in our estimates in column (5), Table 1 .
Depreciation of

A Model of Intra-Plant Transfer of Knowledge
Our findings thus far on the rate of learning and depreciation of learning might also be due to incomplete carry forward of knowledge from the period of one-shift-aday operation to the period of two-shift-a-day operation or to incomplete transfer of knowledge across shifts during the operation of both shifts. Our final generalizations of the model allow for incomplete carry forward of knowledge and incomplete transfer across shifts.
The equation relating production to inputs and knowledge is written on a per-shift basis as follows: The assumptions about hours per shift and days per week are, we believe, close approximations. The assumption about the random shocks may be a good one where the shock is associated with labor relations, is caused by external events such as problems with parts and materials delivered by external suppliers, or is due to extended technical problems with equipment. Other shocks such as temporary equipment breakdowns will typically be shift-specific, and the quality of our assumption about these depends on the extent to which they average out across shifts during the course of a week.
The other set of symmetry assumptions involves the parameters that characterize carry forward and transfer of knowledge. We assume that the carry-forward of knowledge from the period of one-shift-a-day production to the period of two-shift-aday production is the same for the day as for the night shift, Pi = P2 = p, and that the transfer of knowledge across shifts after the start of two-shift-a-day production is symmetric, 01 = 02 = 0.
It is useful to note that these symmetry assumptions are implicit in the conventional learning-curve model. In particular the model in (11) specialized to the case with full carry forward (pi = pj = 1) and complete transfer (0i = Oj = 1) reduces to that in (10). Hence, the symmetric case is of particular interest to test.
With the above symmetry assumptions, the production function for t > S becomes 
The production function for t < S is equation (lla) with subscript i = 0, and the accumulated stock of knowledge for t < S is given in equation (11b).9 Results from estimation of the above model are presented in column (6) of Table 1 . The results in Table 1 fit the data quite well,'0 the algebraic signs of the coefficients are all as anticipated, and the magnitudes of the coefficients are all quite reasonable. The estimated exponent of labor hours per shift, a = 0.94, is less than one, suggesting that the marginal product of labor decreases as labor hours per shift increases, as one would expect. However, this estimate is not significantly different from one so the hypothesis that output increases proportionately with labor hours per shift would not be rejected. The estimated exponent of days per week, ,3 = 1.05, is significantly greater than one, suggesting a modest increase in returns to increasing days worked per week.
The estimated exponents of the knowledge variable and the squared knowledge variable are 9 = 1.5 and 8 = -0.06, and both are large and highly significant. These estimates indicate that learning by doing yields large productivity gains as production progresses and knowledge is accumulated, but that the rate of accumulation of knowledge declines as the stock of knowledge grows. Using the results in Table 1 we calculated that, for a given level of labor inputs, a 2.9 fold increase in output per week would have occurred between the first week in our sample and the same week one year later-a remarkable 190% growth in productivity in one year.
The remaining parameters are of particular interest in characterizing the transfer and depreciation of learning. The estimated carry-forward from one to two-shift-perday operation is given by p = 0.69. This parameter estimate is significantly greater than zero and significantly less than one (p < 0.001). It indicates that 69% of knowledge acquired during the period of one-shift-a-day operation is carried forward to the period of two-shift-per-day operation.
The estimated transfer between day and night shifts during the period after two-shift-a-day operation begins is given by 0 = 0.56. This parameter indicates that 56% of the knowledge acquired on one shift is transferred to the other. The estimate of 0 is significantly different from zero at p = 0.07 and significantly less than one at p = 0.08. Thus, this result suggests that roughly half of the knowledge acquired on one shift is transferred to the other shift once both shifts are in operation.
The estimated persistence parameter is A = 0.99. A weekly depreciation parameter of this magnitude translates into substantial depreciation of knowledge over the course of a year. Taken literally, this result implies that 60% (= 0.9952) of the stock of knowledge at the beginning of a year would remain at the end of the year if the stock were not replenished by continuing production. However, it is important to note that the estimate of this parameter is not very precise. The estimate is not significantly different from the case of no depreciation, A = 1. Moreover, the null hypothe9This model is estimated as follows. For a given value of A, a series for Ko, for t < S can be computed recursively as before. Alternatively, as before, this may be calculated using Ko, = E'=,A'-sq, for t < S. For t > S, knowledge may be written as follows. Accumulated knowledge at date S is Kos. Let Rt = ?'t=s+lAk-sqs. Then equations (11) These results provide evidence against the hypothesis that knowledge becomes completely embodied in the technology (tooling, programming, assembly line layout and balancing, and so on). If it did become so embodied, then transfer of knowledge over time and across shifts would be complete since both shifts use the same production facilities. Our results suggest that part, but not all, of the accumulated knowledge becomes embodied in the organization's technology.
Our results indicate that a substantial proportion of knowledge carried forward from the period of one-shift to the period of two-shift operation. A large investment in training was made before the second shift was introduced. The substantial amount 11It is also of interest to note the decrease in the first-order autoregressive parameter -j across the columns in Table 1 as the model is generalized. This suggests that what appears in column (1) to be a relatively high degree of persistence in the process generating shocks to the production process may in fact be a result of using an unduly restrictive model. When variables increase across observations, as Ln qt and Ln K, do in our data, an autoregressive error process may appear to be present if a linear relationship is assumed when a nonlinear relationship is present. The drop in -j between columns (4) and (5) of Table 1 suggests that the relatively high value of -j in column (4) is due to imposing a linear relationship between Ln qt and Ln K -1 when a nonlinear relationship is present. The further drop in -j between columns (5) and (6) It is of interest to contrast our results on intra-plant transfer of knowledge in automotive production to results on inter-plant transfer of knowledge in shipbuilding (Argote, Beckman and Epple 1990). The investigation of shipbuilding indicated that plants starting production later had higher initial productivity levels than plants starting earlier. This is analogous to our finding of partial carry-forward of knowledge in the change from one to two shifts. Once shipyards began production, they did not benefit from knowledge acquired at other yards. Thus, our results suggest that greater transfer across shifts within a plant occurs than across production facilities that are geographically separated.
Our findings on persistence in automotive production also provide an interesting supplement to those found in shipbuilding. In shipbuilding, estimated monthly persistence parameters were in the range from 0.65 to 0.88. By contrast, our estimate for automotive production suggests little evidence of depreciation. However, the estimate in the case of automotive production is not sufficiently precise to permit us to reject weekly depreciation parameters on the order of 0.95-which imply monthly depreciation rates on the order of 0.81 (= 0.954). These are within the range of values of monthly parameters estimated for shipbuilding.
Conclusions
Within the confines of the assumptions we have made, our model fits the data quite well. Our estimates yield interesting implications regarding intra-plant transfer of learning. The results suggest that our approach to investigating intra-plant transfer has promise for further application. Such applications have the potential both to illuminate the nature of the learning processs and to provide valuable information for managers about the extent to which knowledge can be shared within production facilities.
For managers, the extent of transfer provides important information for decisions about tradeoffs between multiple-plant operation and multiple-shift operation within individual plants. In addition, methods for quantifying the extent to which knowledge is carried forward from one-shift to two-shift operations can provide the basis for managers to assess the effectiveness of alternative strategies to enhance the amount of knowledge that is carried forward. Similarly, the ability to quantify the extent of transfer across shifts may prove valuable in investigating the effectiveness of measures to increase transfer across shifts.
Field research on learning almost inevitably involves investigating nonexperimental data. A challenge for such research is to find quasi-experiments in the field that make it possible to control for some factors while varying others. Since both shifts within a 12In addition to being an investment that enhances future productivity, labor hours devoted to training might affect current productivity if workers in training assist (or impede) production. We investigated the possibility that training hours might affect current production by including the logarithm of training hours as an additional variable in the model in column (6) of Table 1 . The coefficient of this variable was both negligible (-0.004) in magnitude and statistically insignificant. This evidence suggests that the effect of training hours, if any, is on future production. With data for only a single plant, we cannot test the hypothesis that training enhances the carry-forward of knowledge from one to two-shift-a-day operations. Such a test would require comparing different plants that engaged in different levels of training prior to adding a second shift. plant use the same equipment and physical facilities, the effects of equipment and facilities are held constant when intra-plant transfer is investigated. In addition, in most manufacturing environments, including the one we study, the same product is produced by both shifts. Hence, the effects of product characteristics are held constant as well. Studying intra-plant transfer in such settings provides an opportunity to disentangle the extent to which learning becomes embodied in the technology from learning that does not. This is what makes the study of intra-plant transfer valuable from the standpoint of researching the learning process.
